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Abstract

Trackedmobilerobotsin the 20 kg sizeclassareunderdevel-
opmentfor applicationdn urbanreconnaissancé-or efficient
deployment;it is desirablefor teamsof robotsto be ableto
automaticallyexecute path following behaiors, with one or
morefollowerstrackingthe pathtakenby a leader The key
challengeso enablingsucha capabilityare(1) to developsen-
sor packagedor suchsmall robotsthat canaccuratelydeter
mine the pathof the leaderand(2) to develop pathfollowing
algorithmsfor the subsequentobots. To date,we have inte-
gratedgyros, accelerometerg;ompass/inclinometergdom-

etry, anddifferential GPSinto an effective sensingpackage.

This paperdescribeshesensopackagesensoiprocessingl-

gorithm, and path tracking algorithm we have developedfor

the leader/follaver problemin smallrobotsandshows there-
sultsof performancecharacterizatiorof the system.We also
documentpragmaticlessondearnedaboutdesign,construc-
tion, andelectromagnetiinterferencdassuesparticularto the
performancef statesensor®n smallrobots.

1 Intr oduction

Mobile robotsthat are small and light enoughto be carried
in a backpack(i.e. “packbots”) by an individual have great
potentialto enhancehe safetyandeffectivenessof urbanre-
connaissancandrescueoperations The sizeandweightof a
recentprototypeof sucharobotis 60 x 50 x 17 cmand20
kg. [1] Teamsof theserobotscanbe far moreeffective than
individual robotsfor two reasonsFirst, a singlerobotcannot
carryall of thesensolandeffectorpayloadgequiredfor mary
missions. Secondmultiple robotswill often be necessaryo
cover multiple pointsof obsenation.

Theneedfor multiple robotsraiseghe problemof how to nav-
igatethemfrom the departureointto the objective with min-
imal burdenon the humanoperator Operatorinvolvementis
necessaryo designatevaypointsandintermediateobjectives
for the first robot; however, it is desirablefor the restof the
robotteamto automaticallyfollow the pathof theleaderwith-
outnecessarilynaintainingvisual contactwith eachother
Prior work on robot leader/follaver behaior hasuseda va-
riety of approachesincluding visual motion tracking of the
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leadvehicle[2] andusingINS/GP Ssystemgo recordthepath
of the leader which is then traversedby the follower using
the samesensord3]. Methodsdependingon visual contact
do not meetthe needsof our application. Prior pathfollow-
ing work basedon INS/GPShasall beendoneon muchlarger
vehicles.Hence,oneof the mainchallengedor packbotshas
beento identify a sensorsuitethatwould enablepathfollow-
ing within the size, weight, power, and costervelope of our
vehicles.Otherchallengesnclude copingwith GPSdropouts
in urbanareasandundertree canopiescopingwith obstacles
thatfall within the positionaluncertaintyof the pathfollowing
systemandenablingpathfollowing throughconstrictionghat
requiregreaterpositionalaccurag thanis available from the
INS/GPSsensorsAn exampleof thelatteris following a path
thatleadsthrougha culvert.
We aredevelopinga leader/follaver systemthataddresseall
of the above challengeqd4]. We have completeda path fol-
lowing systembasedon a Kalmanfilter which integratesan
IMU, differential GPS,compass/inclinometerandwheelen-
coderdata. Obstacleavoidanceis achiesed with an arbiter
basedarchitecturghat combinessteeringvotesfrom the path
following behaior with steeringvotesfrom a stereovision-
basedbstacleavoidancebehaior.

Section2 describeghe navigation sensorghat we selected

Figure 1: Thepackbotvehicle.

and integratedinto the robot. Section3 describeghe struc-
ture of our poseestimationKalmanfilter. Section4 outlines
the architectureof our leader/follaver systemand describes
our pathfollowing controlalgorithm. Experimentafesultsare
shavn in section5. We discusghe significanceof theresults,



highlight openissues,and outline the extensionswe have in
progressn section6.

2 Navigation Sensors

The primary constraintor the navigation payloadare accu-
ragy, size,andpower: the sensoranustfit within the space
and power budgetsafforded by the chassiswhile delivering
the resolutionto reliably determinethe position of the robot.
Sincethe packbotis an autonomougplatform, all perception,
computationand power resourcesre carriedon board. The
packbotis built uponthe Urbanll platform (shavn in Figure
1) developedby iRobot Corporation. The chassids approx-
imately 60cm long, 50cmwide and 17cmtall with roughly
13,000cm of contiguouspayloadspace A 20-cellNiCd bat-
tery pack provides a total enegy storageof 120Wh. Pawer
consumptiorwith therobotmotionlesds approximately75W,
andthe power requiredfor driving varieswith theterrain. The
robotandall subsystemsustbe ableto survive the shockof
beingthrown or droppedmodestistances.
Autonomouspathfollowing andgeneratiorrequiresthatboth
the leaderand the follower have tight control over their re-
spectve positionalaccurag. The accurag of the navigation
sensorglirectly limits therobot’s ability to follow a pathpre-
cisely The accurag limit and resolutionis dictatedby the
terrainandby thefollower'slevel of autonomy|f it is desired
to have a follower blindly weave througha seriesof tightly
spacedbstaclesi.e. treesthentheaccurag of the estimated
positionneedgo behigh - roughly half thewidth of therobot.
Onthe otherhand,if it is desiredto have a reactie follower
weave throughthe sameobstaclesthe accurag requirements
canberelaxed.

In orderto meetthe requirement®f operatingin suchvaried
andunstructuredervironmentsa combinationof GPSandin-
ertial sensorss used.

2.1 GPSReceivers

Several commerciallyavailable GPSrecevers were consid-
ered. For this application,both the differentialandthe real-

time kinematicfeaturesareneeded.

TheNovAtel Millennium RT-2 wasselectedor theinitial sys-
tem and hasperformedwell. We found that heatgeneration
andlarge turn-ontransienty~5A) were a problemwith this

recever. To solve theseproblemswe planto migrateto acard

thatusedesspower.

2.2 Inertial Navigation Sensors

DifferentIMU packageshave also beenstudiedthroughout
this program. At the startof the work, no integratedsystem
was available which would fit into the payload. Thereforea
systemwashbuilt from separateomponents.

A TCM2-50 compass/inclinometersom PrecisionNaviga-
tion provides compassheadingand absolutetilt androll es-
timates. ThreeorthogonallymountedQRS11-200rate gyros
from SystronDonnerand an EGCS3three-axisaccelerome-
ter from Entranare usedto measureangularratesandiner-

tial forces. Careful consideratiorhasto be givento the en-
tire signal path from the sensorto the analog-to-digitalcon-
verter Initially, excessie noisein the signal causedhe per
ceived drift rateto increasedramatically Several stepswere
takento reducethe noiseincluding separatingand isolating
power suppliessolely for the gyros and accelerometergso-
lating the power and signal traceson the sensorand control
board,shieldingthe signaltraces,and taking specialcareof
therouting of the signaltracesto avoid cross-talkbetweerthe
axes.

Sincethe begginning of the program,fully integratedMEMS
inertial measurementinits have becomeavailable. Their dig-
ital output eliminatesthe needfor an analog-to-digitalcon-
verterandincreasesioiseimmunity. Thesesensoraremuch
smaller requiring a half to a quarterof the volume of con-
ventionalintegratedsystems Additionally, theseunitsarebe-
ing packagedvith magnetometersothata completeAttitude
HeadingReferencesystem(AHRS) solutionis possible.

3 Position Estimation

Preciselocalizationis one of the main requirementdor the
taskof autonomougpathfollowing. The packbotmobilerobot
is equippedwith differential GPS(DGPS)that providesposi-
tion estimatesvith 2-20cmuncertaintyunderfavorablecondi-
tions. Theseuncertaintiexanbecomemuchhigherwhenop-
eratingnearbuildingsor trees,which occludesatellitesignals
making GPSnavigation unreliable.During GPSdropoutsthe
signalsfrom the inertial sensorscompass/inclinometerand
motor encodershave to be appropriatelycombinedso asto
determinethelocationof therobotuntil the next GPSupdate.
By integrating accurateestimatesf its linear and rotational
velocity the packbotcould potentiallytrackits posefor along
periodof time. However therobot’s skid steeringhasinherent
slippagewhich makesthe estimateshasedon the motor en-
codersignalsuntrustworthyparticularlyrotationalvelocities.
Appropriate integration of the gyroscopesignals (angular
rates)providesestimate®f theroll, pitch andyaw anglesthat
determinethe attitude of the vehicle. A commondifficulty
found in all approacheshat rely on gyros for attitude esti-
mationis the low frequeng noisecomponenti(also referred
to as bias or drift) that violatesthe white noise assumption
requiredfor standardalmanfiltering. Inclusionof the gyro
noisemodelin aKalmanfilter by suitablyaugmentinghestate
vectorhasthe potentialto provide estimate®f the sensobias
whenthe obsenability requirements satisfied. The system
becomeobsenablewhenabsoluteorientationmeasurements
are available. In the caseof the packbot,this informationis
provided by the compass/inclinometemsodule. The incli-
nometersneasurahe attitudeof the robotwith respecto the
horizontalplanewhile the compasrovides a measurement
of thedirectionof thevehiclecomparedo themagnetianorth.

3.1 NoiseModel for the Systron Donner Quartz Gyro
In theinformation providedin [5] it is obvious that the Sys-
tron Donnergyro doesnot have a stablebias. From pagel-4:



“Low RateApplication- Thesgyyros showedeasonablger
formancefor rate scalefactor stability but wouldnotbe useful
for applicationswhele bias stability was of high importance
to meetmissionrequirements.Thebias changedsignificantly
astheinput rate waschangingmakingpredictablebias com-
pensatiorverydifficult”.

Longtermbiasstability dataweregatheredo createastochas-
tic model useful for attitude estimatorperformancepredic-
tion. This model assumeghat the gyro noiseis composed
of 3 elementsnamely:ratenoisen, (¢) (additive white noise),
rate flicker noisen;(t) (generatedvhen white noise passes
througha filter with transferfunction1/,/s) andraterandom
walk n,, (t) (generatedvhenwhite noisepasseshroughafil-
ter with transferfunction 1/s). The Power SpectralDensity
(PSD) of the gyro noise was measuredexperimentally and
the logarithmic plots of the PSD with respectto frequeny
were usedto fit the describedmodel. The intensitiescalcu-
lated (ignoring the flicker noise)were: o, = /N, = 0.009
(°/sec)/\/E andeo, = /Ny = 0.0005011"/566)@.
Basedonthis model[6] theangularvelocityw is relatedto the
gyrooutputw,, accordingto theequation:

Ww=wm—b—n,
Eln. ()] =0 (1)
Eln.(#)n.(#')] = N8t —t')

r

whereb is the drift-rate biasandn, is the drift-rate noiseas-
sumedto be a Gaussiarwhite-noiseprocess. The drift-rate
biasis not a staticquantitybut is drivenby a secondsaussian
white-noiseprocessthe gyro drift-raterampnoise:

b= n,
Elny ()] =0 )
Elny(t)nl, (t')] = Nyd(t —t')

Thesetwo noise processesare assumedo be uncorrelated
(Elnw (t)n;. ()] = 0).

3.2 TCM2-50 Compass/InclinometersCharacterization
The TCM2 compassis comprisedof 3 orthogonalmagne-
tometerghatmeasurehelocal intensityof the magnetidield
of the earth. This informationcombinedwith the inclinome-
ters’tilt angles determinedy the effect of thelocal vectorof
gravity on the containedviscousfluid - providesan absolute
measurementf the attitudeof the vehicleat a rate of 16Hz.
The expectedaccurag is +1.5° for headingand +0.4° for
tilt. Thesemeasurementare processedy the Kalmanfilter
in orderto estimatethe gyroscopeshiasesandreducetheir
influenceon the orientationestimates.

Sincethecompasss affectedby local magnetidieldspresent
on the robot, it hasto be calibratedin orderto compensate
for staticfields. However, suchprocedurecannotdeal with
the dynamicfields producedby the metallic beltsinside the
tracksof therobot. Experimentatestingof the compassvhile
manually rotating the tracks has shavn variancesof over
130 (Figure2). Now, nylon beltedtracksareusedwheneer
possiblein orderto avoid this problem.
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Figure 2: Effectof trackmovementon compasseading.

3.3 Kalman filter basedattitude estimation

3.3.1 Dynamic Model Replacement: In our imple-
mentatiorof a Kalmanfilter obsenerwhich, estimatesheori-
entationof therobot,we employedsensomodelinginsteadof
dynamicmodeling. Themainreasongor thisare: (i) dynamic
modelingwould have to beredoneevery time thereis a mod-
ification to the robot, (i) dynamicmodelbasedobserersre-
quirealarge numberof stateghatincreaseshecomputational
needswithout producingsuperiorresults[7].*

3.3.2 Attitude kinematics and error state equations:
Thethree-parametefuleranglerepresentatiohasbeenused
in mostapplicationsof the Kalmanfilter in robotlocalization
[8, 9]. However the kinematicequationgor Euler anglesin-
volve non-linearandcomputationallyexpensve trigonometric
functions. The computationalcost using quaternionds less
thanusingEulerangles.It is alsomorecompactecausenly
four parameterssatherthannine, areneeded Furthermordan
the Euler anglerepresentatiorthe anglesbecomeundefined
for somerotations(the gimbal lock situation)which causes
problemsin Kalman filtering applications. Amongstall the
representationfor finite rotations,only thoseof four parame-
tersbehae well for arbitraryrotations[10].
Thephysicalcounterpartef quaternionsretherotationalaxis
n andtherotationalanglef thatareusedin the Eulertheorem
regardingfinite rotations. Taking the vector part of a quater
nion and normalizingit, we canfind the rotationalaxis right
away, andfrom the last parametewe canobtainthe angleof
rotation[11]. Following the notationin [12] a unit quaternion

is definedas:
S]] e

with theconstraing” ¢ = 1, n = [nrnynz]T is theunit vector
of theaxisof rotationandé is theangleof rotation.

1Theinterestedreaderis referredto [14] or [13] for a detaileddiscussion
onthesubjectof sensows. dynamicmodeling.



The rate of changeof the quaternionwith respecto time is
givenby:

Ca(t) = 3301 @
— - 0 Ws —Ww9
o@ = T En=] = 0w

wheres = 6 is therotationalvelocity vector At this pointwe
preseni@napproximatedody-referencedepresentationf the
error statevector The error stateincludesthe biaserror and
thequaterniorerror. Thebiaserroris definedasthedifference
betweerthetrueandestimatedias.

AE = _‘true - Ez (5)
The quaterniorerror hereis not the arithmeticdifferencebe-
tweenthe true andestimatedasit is for the biaserror) but it
is expressedasthe quaternionwhich mustbe composedwith
theestimatedjuaterniorin orderto obtainthetrue quaternion.
Thatis:

54 = Gtrue ® f]i_l & Qtrue = 6(] ® qi (6)

Theadwantageof thisrepresentatiois thatsincetheincremen-
tal quaterniorcorrespondsery closelyto asmallrotation,the
fourth componenwill be closeto unity andthusthe attitude
informationof interestis containedn thethreevectorcompo-

nentdq where
i
8q ~ [ N ] @)
Startingfrom equations:
d 1.z
EQtrue = EQ(Htrue)qtrue (8)
and p L -
—qi = =Q(0:)qi
50 = 5%(0:)g )

Wheregme is the true rate of changeof the attitudeand 9,
is the estimatedrate from the measurementgrovided by the

gyros,it canbe shovn [13] that
d e, Lo d.
Edq = [[Gm]] 67 — §(Ab +1) Edqzl =0 (20)
Using the infinitesimal angleassumptiorin Equation(3), ¢4

canbewritten as .
5= 555 (11)

andthusEquation(10) canberewritten as

%55 = [[@m]] 66 — (AL + 7,) (12)

Differentiatingequation(5) andmakingthe sameassumptions
for thetrueandestimatediasasin theprevioussection(Equa-
tions(2) and(3)), the biaserror dynamicequationcanbe ex-
presseds

Ab = ity (13)

SE

CombiningEquationg12) and(13) we candescribethe error
stateequationas

d[of ) [l e ][9]
dt | Ab O3xz  Osxs Ab
—Isx3 Osxs iy
+[ O3xs  Isxs ] [ Ty ]
or in amorecompactorm
d
EAJ: = FAz+Gn (15)

This last equationdescribeghe systemmodel employedin
the currentKalmanfilter implementatiorf13]. This estimator
combineghegyroscopesngularateswith theabsoluteorien-
tationmeasurementsom the compass/inclinometeis order
to estimateboththeattitudeof thevehicleandthegyro biases.
As shavn in [14]. this estimatoractsasa high passfilter on
the gyro signalsby filtering out the low frequeny noisecom-
ponent(bias) while weighing moretheir contribution during
high frequeng motion when the compass/inclinometerare
susceptibldo disturbances.If absoluteorientationmeasure-
mentsare available continuously the filter is capableof con-
tinuouslytrackingthe gyro biases.In our casethe robotuses
thecompas®nly whenstoppedthereforethefilter updatests
estimateof the bias(Figure3) only intermittentlybasedn its
effect on the attitudeestimatesluring the previousinterval of
motion. The resultingattitude estimategFigure 4) arethen
combinedwith the translationalelocity measurementgom
the motor encodergo provide position estimatesn between
GPSupdateg.
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Figure 3: BiasEstimation(simulationresults): Theflat partsof the
estimatedepictthe constantbias assumptiorin the inte-
grator The sharpstepchangesoccurwhenabsoluteori-
entationmeasurementsecomeavailable (every 100sec).

2We arein the proces®f enhancinghe currentKalmanfilter implemen-
tation so asto fuse datafrom the accelerometerand the GPSand provide
improvedpositionestimates.
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Figure 4: Attitude Estimation(simulationresults): The solid line
representshe actual orientation(yaw) of the robot, the
dottedline shaws the dead-reckonegtaw estimatesob-
tained by simply integrating the gyro signals, and the
dashedline correspondgo the Kalman filter estimates
when compassmeasurementare provided to the filter
intermittently (t=100, 200 sec). Even though all the
compassneasurementsuringthis interval aredisplayed
here,only two of themwereprocessedbr the orientation
updatef thefilter.

4 SystemAr chitecture and Leader Follower Control
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4.1 SystemAr chitecture

The systemarchitectureusedto control the packbotis de-
signedto allow multiple behaiors to commandthe robot si-
multaneously The driving commandsrom thesebehaiors
arearbitratedupon,andfrom thema final commandis com-
posed. This allows several behaiors using multiple sensors
andimagergo work togethereffectively to carryoutthecom-
mandednmissiongoals(seeFigure5). The navigationsensors
aremanagedy device driverswhich passdatathrougha soft-
ware messagejueueto a single softwaretask which carries
outthenecessargalculations ThistaskrunstheKalmanfilter
andposition estimationalgorithmsafter eachpieceof sensor

datacomesin. It thenupdateghe currentstateof therobotin
a sharedmemoryspacewhereothertaskscanaccesst. Cur-
rently the GPSis usedto determinethe robot’s position both
for recordingandfollowing paths.However whentherobotis
indoors,or whenit drivesinto GPS-dropouareastheposition
estimationis calculatedwith a simpleinterpolationusingthe
Kalman-filterecheadingandaraw odometryestimatdrom the
wheelencoders.

The pathrecordingand pathfollowing code,aswell asother
softwaretasks,can accesghe latestrobot position and ori-
entation estimatesat variable rates and make decisionsac-
cordingly. A softwaretask monitorsthe robot’s currentpo-
sition andrecordsa 3-D point after a certainconstantoffset
hasbeenpassedherebyforming the robot’s trail from suc-
cessie points. Therobot'strail is accessedjownloaded and
then editedusing the OperatorControl Unit, a GUI running
on a laptopthatis usedto control andtestthe packbot. The
modifiedor wholetrail is sentto anothemrobotor backto the
samepackbotwhich acceptghetrail andpassest to the path
following module.

4.2 Path following control algorithm
Pathfollowing steeringcontrolis basedon a carrot-following
approachA setof subgoalss transmittedo thefollowervehi-
cle. Thefollowervehicleuseshelasttwo subgoalgo extend
the pathsequencdackwardsasshowvn in Figure6. Thefol-
lower vehicle thenusesthis extendedpath segmentto locate
a carrotpositionthat lies a lookaheaddistancel away from
the vehiclecenter The carrotpositionis updatedevery cycle
by the pathfollowing algorithm.At ary giveninstant,thefol-
lower assignghe largestweightto the arc that passeslosest
to thecarrot.

The carrotis locatedby finding the intersectionof a circle

¥4

Lateral Path

Leader
vehicle

... Follower .
vehicle

Figure 6: CarrotFollowing Approach.

(centeredatthevehiclecentemwith radius’) andthe extended
pathsegment. If therearetwo intersectionsthe onebeyond
the lateralpositionis chosen.If thereis no intersectionthe
lateral position is chosenas the carrot. The steeringcurva-
ture that will move the vehicle centerdirectly over the carrot
positionis choserasthe commandedunature.



4.3 Pure Pursuit Controller
The authorshave experimentedwith two controllersthatpro-
duce commandcurvatures: pure pursuit and proportional-
integral-derivative (P1D) control. Purepursuithasbeerwidely
usedasa steeringcontrollerfor autonomousehicles15, 16].
Amidi and Thorpe[17] comparedpure pursuitwith a quintic
polynomialfit methodanda classiccontrol theoryapproach.
OlleroandHeredia[18] analyzedhe stability of thepurepur-
suitalgorithmfor pathfollowing at constanspeed?3, 6, and9
m/s)for straightandconstanturvaturepathsectionsgstimat-
ing thetime lag for computing,communicationsandactuator
delay Kelly [16] hasdescribedan adaptve purepursuitcon-
troller, allowing the look-aheadyainto increaseasa function
of thelateralpatherror. Rankin[19] hasevaluateda purepur-
suit controller a Pl controller, anda weightedpurepursuit/Pl
controller
Thecontrollingequatiorfor purepursuitis shovnin Equation
(16). kpure pursuit isSthecommanccurvatureandycqrro¢ isthe
y coordinateof the carrotpositionasmeasuredn the vehicle
coordinatesystem. Purepursuitis a proportionalcontroller,
where,y...ro: representshe currenterrorand(2/L?) repre-
sentsthe proportionalgain. Thelookaheadlistancel. should
beappropriatdfor the missionspeed.
2
kpure pursuit — [ﬁ] Yearrot (16)

4.4 PID Controller

The secondmethodof steeringcontrol thatwasimplemented
is a proportional-irtegral-derivative (PID) controller, as ap-

pliedto theerrorin thevehicle's heading. Theidealizedequa-
tion of a PID controlleris shovn in Equation(17). PID con-

trol containsatermthatis proportionalto the error, onethatis

proportionako theintegral of theerror, andonethatis propor

tional to the derivative of theerror[20].

I de(t)
]i’p[D(t) =G [e(t) + —/ 6(7’)dT +1Tp—— (17)
Tr Jo dt
The integral term actsas a spring (in a spring-mass-damper
system)in thatit eliminatessteadystateerror. The derivative
term actsas a damper The parametersghat are characteris-
tic to the systemarethe proportionalgain G, theintegral time
Tr, thederivativetime T, andthesamplingtime 7'. For small
samplgimesT', theidealizedequatiorcanbewrittenasanon-
recursve differenceequationasshowvn in Equation(18).

T 1 T
D
kpipn =G |en + o Z;e + o (en —en1)|  (18)

Theheadingerrore,, is calculatedy finding theorientationof
thevectorfrom thevehicle's controlpointto thetargetposition
with respecto theaxisin thedirectionof thevehicles current
heading.A positive errorresultsin a left turn anda negative
errorresultsin aright turn. Equation(18) canbe rewritten as
thedifferenceequation

kpipn = kpPipn—1+ qoén + qien—1 + q2en_2  (19)

where,
Tp gD
= 1+ —| = —
0 G[-I-T] gP+T
Tp T 9D
= Gl14222 - = —gp -9 LT
n [+ T T,] gp = 255 a1
Ip| _ 9o
qQ_G[T]_T

The PID controllerworks to force the headingerror to zero
sothatthe vehicleis alwayspointedtowardsthe currentcar
rot position. The parametergp, g1, andgp arerespectrely
proportionalintegral andderivative gains.Whengp = 0, the
PID controlleris reducedto a proportional-irtegral (P1) con-
troller.

4.5 Combined Pure Pursuit/PID Control

Both the pure pursuitand PID methodsof steeringcontrol

have advantagesand disadwantages. The pure pursuit con-

troller is easyto tune and performswell when the follower

vehicleis startedon or nearthe extendedpathsegment. If the

lateral path error is large, however, this methodcanbecome
unstable Stability canbeimproved by usinganadaptie pure
pursuitcontroller With the adaptve version,the look-ahead
distanceis a function of the lateral patherror. The adaptve

controller, however, cancausea significantportionof thepath
segment(traversedby theleadervehicle)to beignoredby the

followervehicle.

The PID methodis stable(whenadequatelytuned)over the

rangeof headingerrors. This includesthe scenariowhere
thereis a large lateralpatherror. This controller does,how-

ever, causaninherentateralpatherrorwhentravelingaround
cunes.In anattemptto combinethedesirabldeaturesof both

thestandargurepursuitandPID controllersinto asinglecon-

troller, the outputof eachcontrolleris averagedasshowvn in

Equation(20). The arcthatis closesto this curvatureis then

assignedhelargestweight.

kcommand =

kpure pursuit + kPID
20
- (20)

5 Experimental Results

5.1 Indoor Testing

Thepathfollowing algorithmis currentlybeingrun atarateof
10 Hz whichis the samerateat which the positionestimateis
updatedusingeitherodometryor GPSdata.Dueto thereport-
ing speedof the inertial navigation sensorsthe Kalmanfilter
updateghe headingat over 256 Hz. During all teststhe robot
traversedthe pathsat a speeddf 50cm/secTo provide enough
detail to describethe pathwithout accumulatingan unneces-
sarynumberof points,aninterval of approximately20.cm be-
tweenpointswasusedto recordtherobot'strail.

Initially, several indoor runs were usedto testthe follower



algorithm and tune its parameters. Figure 7 shavs a path
recordedby the packbotandthethreeseparatgathfollowing
runscarriedout by the samerobot usingthe differentcontrol
methodgpurepursuit, PID, andthe combinationof the two).
In the indoor testsno GPSdatacould be receved so all po-
sition estimatesisedthe Kalmanfilter headingandodometry
from the wheelencoders.This alsomeansthat only relative
robot coordinateswere known so even thoughthe startand
finish of therunsareatthesamepointsin thegraph,in actual-
ity therobotwaspossiblystartingin very differentlocations.
The purepursuitmethodtendedo oscillateover the pathbe-
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Figure 7: Indoor Testings.

ing followed morethanthe PID but it alsomanagedo stay
closerto the pathin general. The PID controlkepttherobot'’s
headinggoingin a paralleldirectionwith the pathbut main-
taineda slight offset for longer period of time thanthe pure
pursuitcontrol. Currentlywork is beingdoneto tunethe PID
controllerto bettersuit the packbotsystem. The averageof
the controller error was usedas a numericalmeasureof the
performanceof eachalgorithmacrossvariousruns. The sim-
ple combinationof the two controllersconsistentlyreported
thelowestcontrollererroraverages.

5.2 Outdoor Results

In outdoorrunsthe packbotagainwasusedto tracea pathand
thenwasgivenits own trail to follow. During theseteststhe
Kalmanfilter providedthe robot’s headingandthe GPSgave

position data. While in motion the compass/inclinometers

noiseis higherandthusthe Kalmanfilter reliesmoreon the
gyro packagdor headingapproximation.

In Figure 9 a GPSdropoutis indicated. Whendriving un-

der the obstacle,a small SUV, all GPSdatawas cut off and
the robot position estimatorhadto rely on the Kalmanfilter

headingandwheelodometryexclusively. Using this method
the recordedtrail wasinterpolatedthroughthe GPSdropout
smoothlyandthe packbotwasableto follow the pathup to,

under andpastthe obstaclewithout ary noticeableproblems.
The GPSdatacorvergedapproximatelyl 0-14secsafterleav-

ing the dropout areaat which point the position estimator

switchedbackto usingit to reportthe packbots location.
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Figure 9: Outdoorfollowing with GPSdropout.

6 Summary and Extensions

In summary we have integrated three-axisgyros and ac-
celerometersa compass/inclinometgrackage track odom-
etry, differential GPS,andan indirect, errorstateKalmanfil-
ter into a sensorsystemfor small robot position estimation.
We summarizedoroblemsthat arosewith thesesensorsand
the solutionswe found. Our sensoisurwey includedintegrated
IMUs thatwill soonbe onthe market. Thesearesmallerthan
thecombinationof sensorsisedhereandhave adwertisedper
formancespecificationshatareatleastasgoodasthe sensors
we usenow; theselMUs areattractive for futuresystems.

In the leader/follaver behaior, we implementedthree ver-



sionsof the pathfollowing controller: purepursuit,Pl, andan
averageof thetwo. Indoorandoutdoorexperimentsover upto
roughly40 metersshovedgoodperformancéor all threecon-
trollers,with maximumpathdeviationson theorderof 50 cm.
This included segmentswhere the path went undervehicles
thatcausedsPSsdropouts. The averagingcontrollershoved
bettererrorperformancehaneitherpurepursuitor Pl alone.
In future robot systemsand experiments position estimation
performancenaybeworsethanreportecheredueto largerar-
easof GPSdropoutor theuseof smaller lower costGPSunits
with poorerprecision. We are currently extending our sys-
temto includepathsmoothingo addres$sPSdropoutsandto
includespecial-purposeandmarkrecognitionfor pathfollow-
ing throughconstrictedareasof known types,eg culvertsand
doorways. We are also pursuingmore generaloutdoormap-
ping and landmarkrecognitionalgorithmsto further reduce
therelianceon GPS.
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